. Pattern refinement imaged live, using a Neuralized MoeGFP direct fusion, and in fixed tissue showing the pattern of Sanpodo, Cut and Senseless expression that accompany lateral inhibition in the notum (related to Figure 1 ) A-C: Images show stills of a representative movie from a fly carrying a direct fusion of a region of the Neuralized enhancer to a gene coding for the actin binding domain of Moesin fused to GFP. GFP expression is relatively weak at early stages and patterning is advanced by 1-2 hours compared to comparable flies in which UAS-GFP expression is driven by Neuralized-Gal4. However, this recapitulates the path of pattern formation and refinement seen in experiments in Figure 1 . Arrows mark cells in crowded regions of the notum that initially express GFP, but that fail to become bristle precursor cells.
D-F:
Image shows fixed Neu-GFP expressing tissue dissected at various times over pupal development during the process of pattern refinement (younger pupae shown on the left, older pupae on right), stained with Sanpodo (D) Sanpodo and Senseless (E) and Cut (F). Images show relatively sparsely patterned tissue at early pupal stages (12h APF, left hand panels) becoming progressively overcrowded (14-15h APF, middle panels) before being refined at later pupal stages (18h APF, right hand panels). Red arrows indicate cells expressing Sanpodo alone; green arrows indicate cells expressing GFP alone; green rimmed red arrows show GFP appearing in Sanpodo positive cells; red rimmed green arrow indicates Cut coming up in a Neu-GFP positive cell. G: Graph shows the proportion of Sanpodo positive cells present with (yellow) and without (red) simultaneous GFP staining and the frequency of cells showing just GFP expression (green) at different times during pupal development beginning at 12h APF, when much of the pattern is already established. The values presented at each time-point indicate the mean result taken from three animals. With time all the Sanpodo positive cells express Neu-GFP, though at later pupal stages Neu:GFP persists in cells that lose Sanpodo expression and take on an epithelial fate. All images are shown at the same scale. For each of the model, parameters are shown on the x-axis, the blue bars indicate the range of values (given by the logarithmic scale on the y-axis on the right) for which a stable pattern was achievable. The blue circles show the 'default' parameter values that were used in the simulations. The real values for Neu-GFP density/spacing are indicated by red dotted lines. A: The solid grey bars show the range of spacing obtained in the 1D model for each parameter change (measured in terms of the average cell diameters). B: The solid grey bars indicate the density of Delta cells. A-B: For each model, simulations were repeated 30 times for each test parameter and the average density/spacing was recorded. The first 6 parameter sets are as defined in equations I-III (Supplemental Model). 'Cells' refers the number of cells in the 2D array or row. 'CellVar' refers to the variation in cell size as a percentage of the average size. 'Noise' refers to the level of a random error term added to N and D at each time step of the simulation. 'NDVar' is the start variance of N and D among all cells in the simulation expressed as a fraction of the start levels. 'ND' are the start levels of N and D in the simulation. C: Multi-parameter analysis of the 1D system using a fixed row size of 100 cells. The distribution of spacing obtained from random sampling of the model parameter space. From model runs carried out with 100 different parameter sets 35 stable patterns were obtained. The distribution of the stable pattern spacing is plotted here. The mean spacing was 2.26 with a standard error of 0.02. Parameter sets were derived from a latin hypercube sampling within the ranges defined in Supplemental Table 4 . A: Apical cell diameters (A) were measured in two directions in 60 cells in 3 wild-type flies at 13-15hAPF, prior to any cell division in the system (which occurs at ~16h APF). B: Lamellipodial (L) and filopodial (F) extensions were measured from the cell centre in the direction of microchaete rows. For the wild type, these were measured in three flies over 10 cells at two hourly intervals between 12h and 20h APF. For the Rac-N17 expressing flies and scar mutant animals these were recorded in 10 cells at 18h APF. C: The intra-row cell-cell separations (R) were recorded after pattern refinement. For the wild type and Rac-N17 flies these were measured for 3 flies at 23-26h APF, in 5 separate rows close to the fly mid-line, each comprising approximately 8 cells. For the scar mutant, these distances were recorded in 2 flies at 19h APF carrying large scar mutant clones. Later images of the scar mutants at >26h APF, in which bristles had begun to develop, were used to confirm the location of precursor cells in the earlier images where the pattern was not yet completely refined.
D:
The mean values and distributions obtained for each of the recorded data sets. L, F and R are quoted in proportions of the average cell diameter of each fly. For the Rac-N17 and scar flies early in the patterning process, the average apical diameter was found to be approximately equal to that of the wildtype in negatively marked clones (data not shown). Therefore the wildtype apical cell diameter was used for calculations in all cases. The standard deviations (SD) quoted for L and F in the wild type data were found to be equivalent for different cells and for individual cells over time. Standard errors in the mean (+/-) are quoted for the mean value of R derived across all the data values. E: Length distributions are shown for filopodia from 3 wildtype animals (expressed in terms of the average cell diameter at 14h APF). The dotted red line shows the Normal distribution, derived from this data (mean 1.4, sd=0.3), used to parameterise model simulations. F: The mean filopodial length distribution over time is shown for 3 animals. Note filopodia are lost between 18h and 20h APF when pattern is already fixed (as seen in Figure 3F ). Thin white scale bars = 10μm, fat white scale bar = 5μm. Signalling across apical cell-cell junctions (final pattern density = 28.3%+/-1.0%). B: Signalling between basal filopodial protrusions was implemented in the model as an area of influence with a radius based upon the measured distribution of filopodia ( Figure S3 ) (final pattern density = 5.9% +/-1.0%). Filopodial dynamics are simulated in the same way as the 1D model by re-sampling from a Gaussian distribution over the simulation time course. C-F: A signalling contact probability is introduced into the model that scales inversely with cell-to-cell distance to better represent signalling between sparse filopodia. C: High contact probability (approx. 90% at 4 cell diameters) with dynamic filopodia (final pattern density = 5.9% +/-1.0%). D: Low contact probability (approx. 15% at 4 cell diameters) with dynamic filopodia (final pattern density = 6.9% +/-2.0%). E: High contact probability with static filopodia (final pattern density = 13.7% +/-3.0%). F: Low contact probability with dynamic filopodia (density = 19.2% +/-2.0%). Note the lack of global order in E and F. +/-indicates standard errors in the mean values.
SUPPLEMENTAL EXPERIMENTAL PROCEDURES

MATHEMATICAL MODEL METHODS IN FULL
A mathematical model was used to simulate lateral inhibition by Delta-Notch signalling. The model, as defined by Equations I-III (based on Collier 1996), describes the dynamics of signaling-mediated gene activation and inhibition that results from cell-cell contact. Individual cells are represented as having dynamically changing levels of Notch and Delta defined by a coupled set of differential equations. Hill functions are used to represent the activation and inhibition of protein production induced by inter-cellular interactions. The model was applied to a 1D array of cells with a size variance based on real data ( Figure 5 ), to a 2D array of uniform hexagonally packed cells ( Figure  6 ) and to a 2D array that models realistic epithelial cell packing ( Figure 3B and Figure S5 ). In each case, cells were allowed to signal to their immediate neighbours (2 in the linear array, and 6 in the hexagonal array, and variable numbers in the epithelial array). In modelling a realistic epithelium, a 200x200 2D array was constructed based on representative E-Cadherin::GFP labelled tissue ( Figure 3C ). Virtual cells were delimited by regular finite elements in the array and cells contacting across a boundary element were allowed to signal to one another. Basal extensions introduced into each of the models function to enable longer-range signalling to occur between 2 cells in the tissue.
Simulations were performed by numerically solving model differential equations using the Euler method. The parameters used in simulations are listed in Supplemental Table 4 . Arbitrary units of protein concentration, and production and decay rates were adopted, as these were not explicitly quantified experimentally. A Gaussian noise term was added to the levels of N and D at each time step. This was a randomized term sampled from a Gaussian distribution with a mean of 0 and a variance set at 1% of the current level of N or D. Simulations were run until a stable pattern was obtained (for typical parameter sets this was usually 5000-6000 time steps). A stable pattern was defined as one in which less than 1% of cells expressing high levels of Delta (>2% of the maximum steady state value, R D /changed state (to express high levels of Notch and low levels of Delta) over the course of 1000 time steps. For the 1D model, pattern spacing was defined as the distance between successive cells within a row of 100 cells (the default size) that were high in Delta. For 2D models, the pattern density was defined as the percentage of total cells expressing high levels of Delta in a stable pattern. Pattern order in the hexagonally packed 2D array ( Figure 6 ) was measured over 50,000 timesteps by calculating a coefficient of variation based on the differences in the distances between each Delta cell and its 6 nearest neighbours (cells near the edge were excluded from this analysis). Results for the 1D and 2D case were averaged over each model run to obtain a mean and standard error. All simulations were repeated 30 times to obtain mean and standard errors.
In the first instance, a sensitivity analysis was carried out using uniform 2D and 1D arrays (summarised in Figure S3 ). Parameters were varied within a maximal range for which a stable pattern could be achieved within 100,000 time steps. Pairs of related model parameters that had a similar effect on the pattern dynamics were varied together. Initial conditions were also varied to test the effects of the number of cells in an array or row, the variance in cell size and the starting variance of N and D in each cell. The spacing patterns in both models were insensitive to order of magnitude changes in all these parameters. However, as expected, the time required to achieve a stable pattern was sensitive to many of the model parameters (data not shown). To verify that these results are independent of the particular default parameter set that was chosen for this analysis, a wider sample of the model's parameter space was taken using the latin hypercube sampling method (Iman et al., 1981) (Figure S3C ). In this routine a maximal range was defined for each of the model's 9 key parameters. A set of 100 model runs were carried out with parameters selected from a stratified sample within these ranges. For each parameter, its maximal range was divided into 100 discrete regions based on a logarithmic scale. The latin hypercube sampling method ensures that samples from each of these regions are contained within the full set, thus maximising the scope of the parameter space that is investigated by a finite number of random samples. The model was run for a maximum of 200,000 time steps and if a stable pattern was achieved (as defined previously) the pattern spacing was recorded. The results are shown in Figure S3C . These demonstrate that in this model, where stable patterns are achievable, there is very little variation in the pattern spacing. Among the 100 parameter sets, 35 gave a stable pattern with a mean spacing of 2.26 +/-0.02. The remaining 65 randomly selected parameters sets did not produce a stable pattern. and [4] filopodia to filopodia signalling. Each cell in the array was assigned lamellipodia and fillopodia randomly selected from a Normal distribution of lengths (derived from analysis of of in-vivo data -see Figure S4E ). This sets up dynamic signalling paths between cells who are not nearest neighbours. The model assumes that a signalling contact is always made between lateral extensions sufficiently large enough to touch or overlap, so that intra-row protrusions directly determine the maximal range of signalling in simulations. For example, in type [4] signaling, cells communicate with any other cells that are within range at the level of the cell body (apex) and/or via contact through lamellipodia/filopodia. Once again Notch-Delta signalling is modelled using the standard coupled differential equations I-III.
Modelling long range signaling by dynamic protrusions
In order to simulate protrusion dynamics, filopodia or lamellipodia were reassigned lengths randomly selected from the Normal distribution given in Figure S4E . It was shown that the variance in the extension of filopodia and lamellipodia of individual cells between 12h and 18h APF was similar between cells, so a single measure of variance was used to parameterise the model distributions over time. Protrusion dynamics were simulated simply by resampling the model dimensions L and F from the derived distributions. At each time step a random number generator was used to determine whether a particular protrusion length would be updated. Thus, filopodia lifetimes were set according to a Poisson distribution whereby the mean lifetime could be easily adjusted by changing their update probability. For all simulations (unless explicitly stated), an average lifetime of 100 time steps was implemented over a patterning time of approximately 5000 time steps (see Figure S5) ; this was equivalent to the observed filopodia lifetime of approximately 500 seconds over a patterning time of 7.5h. The 1D model assumes that a signalling contact is always made between lateral extensions sufficiently large enough to touch or overlap, so that intra-row protrusions directly determine the maximal range of signalling in simulations. In simulations of 'static' filopodia, a distribution of protrusion lengths was implemented at the first time step and held fixed throughout the simulation.
1D simulations were carried out using a row of 100 cells and repeated 30 times for each model type. The algorithm and parameters implemented to simulate this model are detailed in Supplemental Tables 1 and 4 . A summary of the results for each type of signalling range is shown in Figure 5B . In all cases a stable pattern was achieved (one for which < 1% of Delta expressing cells changed their location over 1000 time-steps).
Where there was basal and apical signalling (models [2]-[4]
) different values of  (apical and basal) were used to determine the effects of changing the relative strength of apical and basal signals on pattern spacing ( Figure 6H ). In this analysis the Hill function sensitivity coefficient was set very low (a=0.001). When this is the case even relatively low basal signals (1/1000 of the apical signal) can trigger Notch activation in contacting cells and set the overall pattern spacing.
For the RacN17 expression and scar mutant clones, measurements of basal protrusions were used to parameterise the model (data in Figure S3 , model results in Figure 7G ). In the absence of E-Cadherin-GFP the wildtype apical diameter distributions were used, based upon the fact that RacN17 and scar were not seen to affect apical area (Georgiou et al., 2008 and data not shown). Since Rac and scar are required for basal protrusion dynamics, filopodia were modelled as static in both cases. For the scar model, these modifications to basal protrusions were applied to all epithelial cells in each simulation. Because RacN17 was expressed from the Neuralized-Gal4 promoter, in Rac simulations defects in basal protrusions were only implemented for cells expressing intermediate levels of Delta (over a value of 1). All other cells in simulations were allowed to express a wild type distribution of dynamic protrusions. In this model, fluctuations in Delta levels within individual cells are therefore accompanied by changes in the distribution and dynamics of protrusions.
Optimal packing analysis
To investigate the role of the dynamic behaviour of filopodia in the development of an optimal and well-organised pattern across a tissue ( Figure  6 and Supplemental Table 2 ), an analysis was carried using an idealized hexagonally packed 2D array of 30x30 cells.
For this analysis, we systematically varied the cell-cell contact probability (equivalent to filopodial coverage) and filopodial dynamics (update time) to test how changes in these parameters affect global refinement of the Notch-Delta pattern. All cells in the field were allowed to signal to one another via apical signalling and, where filopodia were present, via filopodial signalling over a range of 2 cells (calculated as a non-Euclidean distance based on the number of whole cells and used to minimize the computational time needed for this analysis) with a certain contact probability. As for the 1D model, filopodia were implemented by using a `birth' and `death' rate at each simulation time step. In this way the average number of connections between cells (Nbrs at R2 in Figure 6A ) and the average lifetime of each actively signalling filopodial connection (determined by their lifetime) could be independently varied. The algorithms and parameters implemented to simulate the 2D optimal packing model is detailed in Supplemental Tables 2 and 4. As a measure of the pattern 'order' achieved during the course of the simulations, we used the distance between each Delta expressing cell in the field (discounting cells within 6 cell diameters from the border) and its 6 nearest neighbours that were also high in Delta. This provided a measure of the average spacing between all cells in the emergent pattern and an associated standard deviation. The ratio of the standard deviation to the average spacing gave the `coefficient of variation' in this system which was taken to directly represent a measure the global order of the emergent pattern. The pattern coefficient of variation was considered to be the best measure to record the dynamic optimization of a pattern as it reflects an increase in the pattern order. Although changes in variation are often accompanied by changes in pattern density, direct measurement of pattern density is a relatively poor measure of pattern optimization since it is often increased in regimes that induce poor patterning but which have an altered minimum spacing.
The results of this experiment (Figure 6 ) reveal that when dynamic filopodia are used in this system a refinement of the pattern can take place such that the ordering increases over time towards a global optimum. The system effectively rearranges the whole pattern so that the separation of Delta expressing cells is less varied and hence more cells can pack into a given field at a given range of separation. This refinement process takes place when a balance is achieved between the average density of the filopodia network and their average lifetimes. In these regimes, at low density packing, there is a finite probability of losing inhibitory signalling connections. New cells may become high in Delta and subsequently cause the pattern to shift. Therefore the pattern changes over time in a way that static or very fast filopodial dynamics do not allow. As the packing density increases the probability of seeing new Delta expressing cells reduces and as a result the global pattern refines over time towards a more ordered and stable state.
Basal signalling in a realistic cell packing model
Basal signalling was also implemented in a 2D model based on realistic cell packing ( Figure S5 ). In this case, basal protrusions were implemented as 2D circular areas, extending from the centre of each cell. A distribution of radii were used equal to the 1D extensions measured from in vivo data. Filopodial dynamics were simulated in the same way as the 1D model by re-sampling from a Gaussian distribution over the simulation time-course. As filopodia can extend in any direction, in contrast to the 1D model, filopodia within range will not always make contact. Hence, an additional contact probability term was introduced to account for the angular directions of protrusions that were observed and hence the associated likelihood of two filopodia signalling to each other at different ranges. This was encoded in the model by assigning each cell a randomly selected 'direction' term, r, an integer between 1 and 100. For any two cells (cell1 and cell2) spaced a distance, R, such that their filopodia are of sufficient length to signal, a signal occurs if the condition is met such that: |r Cell1 -r Cell2 | < P/R 2 , where, P was a constant variable. Hence the likelihood of a contact being made reduced in proportion to the square of the distance between two cells. The algorithm implemented to simulate the 2D optimal packing model is shown in Supplemental Table 3 . High contact probability was simulated using a value P=1000 (giving a signal probability of approximately 90% at a range of 4 cell diameters) and a low contact probability represents P=100 (giving a signal probability of approximately 15% at a range of 4 cell diameters).
Stable 2D patterns can be achieved using basal signalling, see Figure S5 . Wider spacings were achieved with dynamic filopodia relative to static filopodia regardless of the contact probability. Moreover, when the contact probability was reduced, spacing was better maintained in simulations using dynamic filopodia than for static protrusions. For the dynamic filopodia model there was a 17% increase in pattern density moving from high to low contact probability, compared to a 40% increase in the static model. This suggests that even with relatively few filopodia emerging from a cell at any one time, actin-based dynamics provide a way to maintain a stable of area of inhibition and thus generate a robust, well-spaced stable pattern.
Modelling cis-inhibition
In recent work it has been demonstrated that in lateral inhibition systems using Notch-Delta signalling, cis-inhibiton may occur in addition to the transcriptional regulation of Delta by Notch. In cis-inhibition activated Notch and Delta form a complex within each cell prior to their reaching the cell surface. Thus a threshold of each relative component must be reached before cells are able to signal to one another. This algorithmic component was added to the mathematical model to check the effect of cis-inhibition on pattern spacing in the model system. It was found that with the inclusion of cis-inhibition in most cases there was no effect on the spacing of the emergent patterns. The only significant effect that was observed was for models with very fast filopodia dynamics relative to the patterning time (~10 time steps in the 2D hexagonal array model). In this case, a highly disordered pattern would emerge with neighbouring Delta expressing cells situated within the filopodial signalling range. In the standard model, without cis-inhibition, fast filopodia establish a zone of inhibition enabling a stable pattern to rapidly emerge. We attribute this to the fact that with cis-inhibition an inhibitory signal to be sustained for a minimum amount of time to enable a switch in cell state. With intermediate filopodia dynamics in the cis-inhbition model (100-1000 time-steps) optimising patterns were still observed, as for the standard model. This may therefore imply that there is a minimum lifetime of filopodia for which the model is viable with cis-inhibition which is in close agreement with the observed filopodial dynamics (100 time-steps in the model simulations approximates to 500 seconds in the real data).
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Algorithm for 1D spacing experiments Establish line of L cells (100 in model expts.) with apical radial sizes (A) based on measured data (mean = A_, sd = A_) for cells n=1:L { A(n) = rand N(A_,A_) } "a random float sampled from a Normal distribution -algorithm derived from Central Limit Theorem" x(1) = 0 "position first cell on 1D line at x=0" for cells n=2:L { x(n) = x(n-1) + A(n-1) + A(n)} "all other cells are positioned relative to previous cell" Assign each cell filopodia (F) (also lamellipodia ( Table S2 . 2D algorithm to simulate the pattern optimisation model (related to Figure 6 ) The model comprises a 2D hexagonal array with a total number of T cells (T=30 x 30). The algorithm limits apical cell-cell communication to the 6 nearest neighbours, in shell R1, and to the second layer of 12 cells, R2, Table S3 . 2D algorithm to simulate realistic cell packing model (related to Figures 3B and S5) The pseudo-code used to implement a simulated array of T cells with realistic packing taken from experimental images. Filopodial dynamics were simulated in the same way as the 1D model by re-sampling from a Gaussian distribution over the simulation time-course. For any two cells (cell1 and cell2) spaced a distance, R, such that their filopodia were of sufficient length to signal, a signal occurs if the condition is met such that: |r Cell1 -r Cell2 | < P/R 2 , where, P is a constant variable. High contact probability was simulated using a value P=1000 (giving a signal probability of approximately 90% at a range of 4 cell diameters) and a low contact probability represents P=100 (giving a signal probability of approximately 15% at a range of 4 cell diameters). Simulations were repeated 30 times to obtain mean values for each parameter set. Multi-parameter analysis of 1D system.
Sampled from ranges: 0.1 < α < 1,1 < k < 10,1 < h < 10, 0.001 < μ < 0.9, 0.001 < ρ < 0.9, 0.001 < R N < 100, 0.001< R D < 100, 0.001 < a < 10000, 0.001 < b < 10000. (Table S3) : F_ = 1.4 , F_ = 0.3 (proportional to av. cell diameter) F_rate = 0.5 (for dynamic filopodia in S5C&D) , S5C&E:P=1000, S5C&E:P=100.
MODEL UNITS
Arbitrary units of protein concentration (referred to below as A.U.) are adopted for the purpose of modelling, as these were not explicitly quantified experimentally. Each simulation time step is used to represent a single arbitrary unit of time (referred to as ) and the production and decay rates are correspondingly represented. The model was comprehensively tested over a range of parameter sets, which were demonstrated to have little impact on the emergent spacing. The relative filopodia lifetimes and total patterning time were related to the measured experimental data as described in the main text.
N, D are concentrations measured in A.U; decay rates  and  are in  -1
; production rates R N and R D are in A.U. -1 ; a is in A.U. k ; b is in (A.U.) -h ; k and h are non-dimensional power terms.
